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Slat cove ﬁllerAbstract With the progress of high-bypass turbofan and the innovation of silencing nacelle in
engine noise reduction, airframe noise has now become another important sound source besides
the engine noise. Thus, reducing airframe noise makes a great contribution to the overall noise
reduction of a civil aircraft. However, reducing airframe noise often leads to aerodynamic perfor-
mance loss in the meantime. In this case, an approach based on artiﬁcial neural network is intro-
duced. An established database serves as a basis and the training sample of a back propagation
(BP) artiﬁcial neural network, which uses conﬁdence coefﬁcient reasoning method for optimization
later on. Then the most satisfactory conﬁguration is selected for validating computations through
the trained BP network. On the basis of the artiﬁcial neural network approach, an optimization pro-
cess of slat cove ﬁller (SCF) for high lift devices (HLD) on the Trap Wing is presented. Aerody-
namic performance of both the baseline and optimized conﬁgurations is investigated through
unsteady detached eddy simulations (DES), and a hybrid method, which combines unsteady
DES method with acoustic analogy theory, is employed to validate the noise reduction effect.
The numerical results indicate not merely a signiﬁcant airframe noise reduction effect but also excel-
lent aerodynamic performance retention simultaneously.
 2016 Production and hosting by Elsevier Ltd. on behalf of Chinese Society of Aeronautics and
Astronautics. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/
licenses/by-nc-nd/4.0/).1. Introduction
With the progress of high-bypass turbofan and the innovation
of silencing nacelle,1 engine noise of aircraft has been reduced
enormously in recent decades. Airframe noise, which is deﬁned
by Crighton2 as the ‘‘non-propulsive noise of an aircraft in
ﬂight”, now has a comparable inﬂuence with engine noise on
airport noise levels during landing and taking off operations.
1214 J. Tao, G. SunFor the purpose of reducing airframe noise, research insti-
tutions and scholars from all over the world have conducted a
large number of projects.3 NASA initiated the Quiet Aircraft
Technology (QAT) project4 in 2001 after the Advanced Sub-
sonic Technology (AST) project5 and proposed a noise reduc-
tion amount of 5 EPNLdB in short term and 20 EPNLdB in
long term. Then, in 2009, NASA started the Environmentally
Responsible Aviation (ERA) project6 focusing on mature
noise reduction techniques applicable in the period from
2020 to 2050. In Advisory Council for Aeronautical Research
in Europe (ACARE),7 compared with the noise level in 2000,
EU anticipated a noise reduction amount of 10 dB before
2020 and a 65% noise decrease before 2050.
Besides the landing-gear,2 high lift devices (HLD), such as
leading-edge slats and trailing-edge ﬂaps, have beenclearly
proved as dominating sources of airframe noise on aircraft.8
Thus, decreasing the noise of HLD makes a great contribution
to the overall noise reduction of airframe noise. However, as
the major lift components, any noise reduction measure for
the HLD may result in an adverse impact on high-lift
performance.
Taking slat noise as an example, the source of broadband
slat noise is attributed to the complex ﬂow in the cove region,
which includes a recirculation zone that is subtended by a ﬂuc-
tuating shear layer. Reducing broadband slat noise makes an
important contribution to the total noise decrease of the
HLD. It is obvious that if the complex ﬂow in the cove region
does not appear, then the relevant noise source will disappear.
Such reasoning has brought about the concept of a slat cove
ﬁller (SCF),9 which aims at forming substantially continuous
shape instead of discontinuous slat cusp conﬁguration. With
the continuous shape, the generation of the shear layer from
the slat cusp is suppressed, and longitudinal vortices in the slat
cove should be weakened. Thus, the effect of broadband noise
reduction is expected to be achieved. Scholars from all over the
world have conducted a series of researches to validate the
noise reduction effect of SCF.10–13 Choudhari et al.10 mounted
an SCF to the 2D EET HLD, and measured the effect on air-
frame noise of the SCF in the Langley Low-Turbulence Pres-
sure Tunnel. Kolb et al.11 carried out aeroacoustic wind
tunnel measurements on a 2D high-lift conﬁguration and
investigated the noise reduction effect of the SCF. Horne
et al.12 installed a SCF on a 26% scale Boeing 777 model,
and measured the effect on airframe noise of the SCF in the
40 ft  80 ft (1 ft = 0.3048 m) wind tunnel of NASA Ames.
Streett et al.13 setup a SCF on the Trap Wing model, and
investigated the noise reduction effect of the SCF in the
14 ft  22 ft subsonic wind tunnel of NASA Langley. Results
of these researches indicated that SCF can reduce airframe
noise effectively.
Nonetheless, other researches14–16 have reported that aero-
dynamic performance, especially the maximum lift coefﬁcient
and the stall angle, may be decreased with the SCF. For the
purpose of retaining aerodynamic performance of the SCF
conﬁguration, some previous researches have been conducted.
For 2D HLD, the shape of SCF is generally designed to be the
same as the streamline at a speciﬁc angle of attack (AOA).
Imamura et al.17 of JAXA designed two SCF conﬁgurations
based on two streamlines under relevant AOAs and then the
ﬁnal design conﬁguration was determined by wind tunnel
experiments, ﬁnding out the aerodynamic performance of
which is nearest to that of the baseline conﬁguration. A varietyof researches revealed that aerodynamic performance at off-
design AOAs are very difﬁcult to retain. For 3D HLD on a
swept wing, it is impossible to design an SCF as the shape of
a speciﬁc streamline and it has enhanced the difﬁculty to retain
aerodynamic performance.
Since with the SCF, approaches at the current time for
retaining aerodynamic performance of 3D HLD on a swept
wing, are almost tentative, and systemic design approaches
of SCF have not evolved, retaining the aerodynamic perfor-
mance for 3D case with SCF is much more important and sig-
niﬁcative worthy of deep investigate. Given this, the artiﬁcial
neural network is introduced to achieve the aim of retaining
the aerodynamic performance of the 3D SCF conﬁguration
on a swept wing. For the 3D case, the design work is more dif-
ﬁcult and challenging due to the more design variables, which
lead to the more difﬁculties in establishing database and the
artiﬁcial neural network.
Firstly, a database of SCF conﬁgurations is established and
the one with the best aerodynamic performance is selected as
the reference conﬁguration. Secondly, the direction of opti-
mization is ascertained through conﬁdence coefﬁcient reason-
ing method and a number of optimized conﬁgurations are
generated from the reference conﬁguration accordingly.
Thirdly, a back propagation (BP) neural network is established
and trained by SCF conﬁgurations in the database as the train-
ing samples, which enables a quick prediction of the aerody-
namic performance for all the optimized conﬁgurations;
Finally, the optimized conﬁguration with the best aerodynamic
performance is selected as the ﬁnal optimized conﬁguration for
validating computations. Aerodynamic performance of both
the baseline and optimized conﬁgurations is evaluated through
unsteady detached eddy simulation (DES) method,18 while the
noise reduction effect is validated through a hybrid method
combining unsteady DES method with acoustic analogy
theory.
This article is organized as follows. In Section 2, the design
approach based on artiﬁcial neural network is described. In
Section 3, governing equations and numerical methods are
introduced. In Section 4, validation of the computational
codes is conducted. In Section 5, on the basis of the artiﬁcial
neural network approach, an optimization process of SCF
for HLD on the Trap Wing is presented. In Section 6, validat-
ing computations are implemented to investigate the effect of
the SCF on both aerodynamic and acoustic performance.
Finally, in Section 7, some conclusions are drawn according
to the previous results and analyses.2. Artificial neural network approach
The approach for retaining aerodynamic performance of the
SCF conﬁguration is based on artiﬁcial neural network and
the concrete design steps are set as follows: (A) establish a
database of SCF conﬁgurations, including both the geometry
and aerodynamic parameters for each SCF conﬁguration; (B)
in the database, select the SCF conﬁguration with the best
aerodynamic performance as the reference conﬁguration and
analyze the database through conﬁdence coefﬁcient reasoning
method to ascertain the direction of optimization; (C) accord-
ing to the direction ascertained in step 2, generate a number of
optimized conﬁgurations on the basis of the reference
conﬁguration; (D) setup a BP neural network according to
Fig. 1 Structure of BP artiﬁcial neural network.
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BP network by taking SCF conﬁgurations in the database as
the training samples; (E) predict aerodynamic performance
of all the optimized conﬁgurations quickly by the trained BP
network; (F) select the optimized conﬁguration with the best
aerodynamic performance as the ﬁnal optimized conﬁguration
and then conduct validating computations to investigate the
effect of the ﬁnal design SCF on both aerodynamic and acous-
tic performance.
The database consists of geometry parameters I and aero-
dynamic parameters O, and it can be written in the form of
matrix as follows:
I ¼ ½a1; a2; . . . ; an ¼
a11 . . . a1n
..
. . .
. ..
.
ap1    apn
2664
3775
O ¼ ½b1; b2; . . . ; bm ¼
b11 . . . b1m
..
. . .
. ..
.
bp1    bpm
2664
3775
8>>>>><>>>>>>:
ð1Þ
where ai (i= 1, 2, . . ., n) is the design variable representing the
geometry parameter, while bi (i= 1, 2, . . ., m) represents the
aerodynamic parameter. The subscript n is the number of
geometry parameters, m the number of aerodynamic parame-
ters, and p the number of SCF conﬁgurations in the database.
For the purpose of retaining aerodynamic performance, target
of the optimization is set to make bi (i= 1, 2, . . .,m) as supe-
rior as possible.
Among all SCF conﬁgurations in the database, the SCF
conﬁguration with the best aerodynamic performance is
selected as the reference conﬁguration for optimization later
on. In order to ascertain the direction of optimization, conﬁ-
dence coefﬁcient reasoning method19 is adopted to the data-
base. The related coefﬁcient between a geometry parameter
and an aerodynamic parameter is expressed as
rðai; biÞ ¼
Pp
j¼1ðaji  aiÞðbji  biÞﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃPp
j¼1ðaji  aiÞ2
q ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃPp
j¼1ðbji  biÞ
2
q ð2Þ
where ai, bi are the two groups of variables, and ai, bi are
arithmetic mean values of ai and bi, respectively.
|r(ai,bi)| = 1 manifests that ai is completely linearly associ-
ated with bi, while |r(ai,bi)| = 0 manifests that ai is not linearly
associated with bi at all. It is generally acknowledged that, the
connection between ai and bi will be strengthened when |r(ai,
bi)| > 0.7, and the connection will be weakened or cut off
when |r(ai, bi)| < 0.3. For instance, if r(ai, bi) = 0.8, then
increase ai to make bi more superior; on the contrary, if r(ai,
bi) = 0.8, then decrease ai to make bi more superior.
Thus, according to the value of r(ai, bi), how to vary ai to
make bi more superior is obtained. In other words, the direc-
tion of optimization is ascertained. According to the direction
of optimization, a number of optimized conﬁgurations are gen-
erated on the basis of the reference conﬁguration.
To predict aerodynamic performance of all the optimized
conﬁgurations quickly, a BP artiﬁcial neural network is
employed. The BP network shown in Fig. 1 is established
according to the geometry and aerodynamic parameters in
the database. Here n is the number of nodes in the input layer,
namely geometry parameters, and m is the number of nodes in
the output layer, namely aerodynamic parameters.The BP network should be trained before predicting aero-
dynamic performance of all the optimized conﬁgurations,
and SCF conﬁgurations in the database are selected as the
training samples. After aerodynamic performance of all the
optimized conﬁgurations is predicted by the BP network, the
optimized conﬁguration with the best predicted aerodynamic
performance is selected as the ﬁnal optimized conﬁguration
for validating computations.
3. Governing equations and numerical methods
In this study, unsteady simulations based on DES method are
performed to investigate aerodynamic performance for both
the baseline and optimized conﬁgurations. In the DES solver,
the DES method is implemented on Spalart-Allmaras (S-A)
turbulent model,20 and the Roe’s scheme21 is adopted in spatial
discretization while dual time stepping method with a pseudo
time sub-iteration21 is adopted in time marching.
As is well known, Ffowcs Williams Hawkings (FWH)22
equation is widely employed in far ﬁeld sound pressure level
(SPL) prediction and it can be solved through Farassat 1A for-
mula23 shown in Eqs. (3) and (4).
p0Tðxi; tÞ ¼
1
4p
Z
f¼0
q0c0ð _Mn þ _nMÞ
rð1MrÞ2
" #
ret
dSþ 1
4p

Z
f¼0
q0c0Mn _Mr
rð1MrÞ3
" #
ret
dSþ 1
4p

Z
f¼0
q0c
2
0MnðMr M2Þ
r2ð1MrÞ2
" #
ret
dS ð3Þ
p0Lðxi; tÞ ¼
1
4p
Z
f¼0
_lr
c0rð1MrÞ2
" #
ret
dSþ 1
4p

Z
f¼0
lr  lM
r2ð1MrÞ2
" #
ret
dSþ 1
4p

Z
f¼0
lr _Mr
c0rð1MrÞ3
" #
ret
dSþ 1
4p

Z
f¼0
lrðMr M2Þ
r2ð1MrÞ3
" #
ret
dS ð4Þ
where p0 is the acoustic pressure, the subscript ‘T’ and ‘L’ rep-
resent the thickness noise and the loading noise, respectively;
q0 is the constant density, c0 is the speed of sound; the dot
above the variables represents the time derivative, the subscript
Fig. 3 2D computational grid of baseline conﬁguration around
slat region.
1216 J. Tao, G. Sun‘ret’ represents value at the retard time; Mi is the local Mach
number, ni is the local normal, ri is the retarded radius, r is
the magnitude value of ri, and
lr ¼ li  ri=r
lM ¼ li Mi
Mr ¼ Mi  ri=r
Mn ¼ Mi  ni
_Mn ¼ _Mi  ni
_nM ¼ _ni Mi
_Mr ¼ _Mi  ri=r
_lr ¼ _li  ri=r
8>>>>>>><>>>>>>>:
ð5Þ
The sum of p0T and p
0
L is the total acoustic pressure.
Farassat 1A formula is available for calculation of thick-
ness noise and loading noise, but is not applicable for calcula-
tion of quadrupole noise in the nonlinear area. For the
purpose of calculating quadrupole noise, the FWHpds equa-
tion24 with a porous integral surface is employed in acoustic
analogy theory.
The FWHpds equation is expressed as
1
c2
 @
2
@t2
r2
 
pðxi; tÞ ¼ @
2
@xi@xj
½TijHðfÞ  @
@xi
½LidðfÞ
þ @
@t
ðq0UibniÞdðfÞ½  ð6Þ
where
Ui ¼ 1 qq0
 
vi þ quiq0
;Li ¼ Pijbnj þ quiðun  vnÞ ð7Þ
Compared with the classical FWH equation, Ui and Li are
redeﬁned here. By redeﬁning Ui and Li, a porous integral sur-
face including nonlinear area is adopted so that quadrupole
noise in the nonlinear area is attainable. Since the form of
the FWHpds equation is not different from that of the classical
FWH equation, Farassat 1A formula is still available for solv-
ing FWHpds equation. Flow ﬁeld information on the integral
surface is transmitted from the CFD meshes through an
isoparametric transformation method.25
4. Validation of computational codes
In order to verify the reliability of the computational codes,
3D numerical simulations on both aerodynamic and acoustic
performance are performed to EET HLD and the computa-
tional results are compared with the experimental results.
Fig. 2 shows the schematic of 2D EET HLD, of which the
slat and ﬂap deﬂection angles are both 30.
In order to obtain aerodynamic performance of the EET
HLD, 3D unsteady computations based on DES method are
implemented to simulate the complex ﬂow around the HLD,
especially near the stall point. Fig. 3 shows the 2D computa-
tional grid around the slat region; the 3D grid is stretched from
the 2D grid along the span direction by 0.05 times of the chordFig. 2 Schematic of 2D EET HLD.length, and the number of grid nodes is set to be 35 in the span
direction. Cell number of the entire computational domain is
about 16 million and the computational condition is set as
Ma= 0.2, Re= 9.0  106 For the DES simulation, periodic
boundary condition is applied to the spanwise direction to
allow the development of three-dimensional vortical ﬂow
structure inside the slat cove.
The experimental study was conducted in the NASA Lang-
ley Low-Turbulence Pressure Tunnel to determine the effects
of Reynolds number and Mach number on the EET HLD.26
Fig. 4 shows the mean-lift curve of the computational results
compared with the experimental lift results,26 where CL is the
lift coefﬁcient, a is the angle of attack. The two lift curves
are basically the same, stall angles of the two curves are both
22, and the maximum lift coefﬁcients of the two curves are
very close; the experimental maximum lift coefﬁcient is 4.57
while the computational one is 4.56.
To consider quadrupole noise, a porous integral surface
shown in Fig. 5 is employed for solving FWHpds equation.
The acoustic experiment for EET HLD was conducted in
the NASA Langley Low-Turbulence Pressure Tunnel in 1998
to explore some noise-reduction technologies for ﬂap-side-
edge noise and then examine slat noise.27 In the experiment,
the observer location is positioned a distance d= 2c down
from the slat trailing edge, where the chord length of EETFig. 4 Lift coefﬁcient curves comparison of EET HLD.26
Fig. 5 Porous integral surface of EET HLD for solving FWHpds
equation.
Fig. 7 Schematic of swept Trap Wing.
Fig. 8 Locations of three control sections.
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spectrum SPL results compared with the experimental ones,27
the maximum computational frequency is 20000 Hz which is
also the highest frequency of noise people can hear. As for
1/12 octave spectrum results, the computational results are in
agreement with the experimental ones in the computational
frequency range, and the maximum error is less than 5 dB
within the frequency range of 20000 Hz. Comparing the com-
putational 1/12 octave SPL spectrum with the experimental
one, it is shown that both the maximum SPLs and the posi-
tions of the maximum SPLs are close to each other in the com-
putational frequency range. The maximum experimental SPL
is 85.5 dB at about 1189 Hz in the computational frequency
range, while the maximum computational SPL is 84.8 dB at
about 1059 Hz in the computational frequency range.
Therefore, as can be seen from Figs. 4 and 6, the computa-
tional results of both aerodynamic and acoustic performances
are in agreement with the experimental ones in the computa-
tional range. In other words, the computational codes have a
high reliability in evaluating both the aerodynamic and
acoustic performances.
5. Optimization process
To verify the artiﬁcial neural network approach, a process of
SCF design for HLD on the Trap Wing28 is presented.
Fig. 7 shows semi-model of the swept Trap Wing, the model
consists of a body and a three-element wing. The deﬂection
angle of the slat and ﬂap are 30and 25, respectively. The
mean aerodynamic chord length is 1.006 m and the semi span
2.16 m.Fig. 6 Comparison of 1/12 octave SPL spectrum results for EET
HLD.Unlike the 2D HLD, SCF of the 3D HLD is a smooth sur-
face, of which the shape depends on the control sections. Con-
sidering twist angle and dihedral angle of the 3D slat, three
control sections are conﬁgured to ensure smoothness and
design efﬁciency for the SCF. As shown in Fig. 8, the three
control sections are located at slat root, slat center, and slat
tip, respectively, and the SCF surface is shaped by connecting
the three SCF curves at the control sections through non-
uniform rational B-splines (NURBS) method.29
SCF curve at each control section is connected by six points
for the design through cubic spline with the parameter of
cumulative chord length. Fig. 9 shows the SCF curve at the
control section of slat tip, x10, x15, and all coordinates in the
y direction are given as conditions of known, x1j
(j= 1, 2, 3, 4) is the design variable, while xs1j (j= 1, 2, 3, 4)
is the coordinate in the x direction of the parallel correspond-
ing point on the lower surface of the slat. For SCF curves at
control sections of slat center and slat root, the corresponding
deﬁnitions are also given. It is worth mentioning that all coor-
dinates in the y direction are disposed with normalization.Fig. 9 SCF curve and control points at control section of slat
tip.
Fig. 12 Drag coefﬁcient curves comparison of Trap Wing
baseline conﬁguration.30
1218 J. Tao, G. SunDuring the optimization process, the design variable xij
(i= 1, 2, 3; j= 1, 2, 3, 4) is set to satisfy the constraints as
follows:
xij > xsij ði ¼ 1; 2; 3; j ¼ 1; 2; 3; 4Þ ð8Þ
In order to acquire aerodynamic performance of the base-
line conﬁguration, unsteady DES simulations are imple-
mented. Fig. 10 shows the computational grid of the baseline
conﬁguration around the model; cell number of the entire com-
putational domain is about 42 million and the computational
condition is set as Ma= 0.2, Re= 4.2  106.
The Trap Wing model was tested in the NASA Langley
14 ft  22 ft Subsonic Tunnel for approximately ﬁve double-
shift weeks during the fall of 1998. The test was a joint test
between the AST High Lift Program and the AST Airframe
Noise Program. The purpose of the test was to establish the
characteristics of this model and to obtain an atmosphere,
low pressure wind tunnel wall interference data set that could
be corrected to free air conditions.30
Fig. 11 shows the mean-lift curve of the computational
results compared with the experimental ones30 for the baseline
conﬁguration. The computational curve agrees fairly well with
the experimental one, the computational stall angle is 33 while
the experimental one is 32.942 and the computational maxi-
mum lift coefﬁcient is 3.01 while the experimental one is
2.9955.
Fig. 12 shows the mean-drag curve of the computational
results comparing with the experimental ones30 for the baseline
conﬁguration, where CD is the drag coefﬁcient. In the AOAFig. 10 Computational grid of Trap Wing baseline conﬁgura-
tion around the model.
Fig. 11 Lift coefﬁcient curves comparison of Trap Wing baseline
conﬁguration.30range from 0 to 30, the computational drag coefﬁcients are
basically the same as the experimental ones, while in the
AOA range from 30 to 35, the computational drag coefﬁ-
cients are slightly greater than the experimental ones.
As can be seen from the lift and drag results, for the Trap
Wing baseline conﬁguration, the computational aerodynamic
performance agrees well with the experimental one.
As the target of this study is to maintain the aerodynamic
performance during noise reduction design, i.e., the target in
this paper is not to ﬁnd a conﬁguration of the best perfor-
mance but to ﬁnd a conﬁguration satisfying the design objec-
tive. As stated in the instruction, the most serious
aerodynamic problems with the SCF are decrease of the stall
angle and the maximum lift coefﬁcient. To retain the stall
angle and the maximum lift coefﬁcient, set the design point
as a= 33, Ma= 0.2, Re = 4.2  106, then the design objec-
tive of the SCF is to make lift coefﬁcient of the optimized con-
ﬁguration larger than or very close to that of the baseline
conﬁguration at the design point.
The database shown in Tables 1–4 includes 44 SCF conﬁg-
urations. Tables 1–3 show the geometric parameters of the
SCF conﬁgurations on the control sections of the slat tip,
the slat center and the slat root, respectively, where xij
(i= 1, 2, 3; j= 1, 2, 3, 4) satisﬁes constraints Eq. (8). Table 4
shows the aerodynamic parameters of the SCF conﬁgurations
in the database, where CLdesign is the mean-lift coefﬁcient at the
design point. CLdesign for each conﬁguration is acquired
through unsteady DES simulations, and cell number of the
entire computational domain is about 39 million for each
conﬁguration.
Table 5 shows the related coefﬁcients between CLdesign and
xij (i= 1, 2, 3; j= 1, 2, 3, 4). As can be seen from the related
coefﬁcients, CLdesign has a strongly negative correlation with
x11, x12, x13, x21, x22, x23, x32, x33, x34, and does not have a
strong relation with x14, x24 and x31. In other words, CLdesign
increases to a great extent with the decrease of x11, x12, x13,
x21, x22, x23, x32, x33, x34, and changes little with the variations
of x14, x24 and x31. Hence, the direction of optimization is con-
ﬁrmed as: decrease x11, x12, x13, x21, x22, x23, x32, x33, x34, and
keep x14, x24, x31 unchanged.
To predict aerodynamic performance of all the optimized
conﬁgurations quickly, the BP network is established with 12
Table 1 Geometric parameters of SCF conﬁgurations on control section of slat tip.
SCF No. x11 x12 x13 x14 SCF No. x11 x12 x13 x14
1 0.4313 0.4924 0.4695 0.7257 23 0.3259 0.3713 0.4581 0.7165
2 0.4277 0.4887 0.4692 0.7244 24 0.3187 0.3627 0.4574 0.7147
3 0.4240 0.4849 0.4690 0.7232 25 0.3126 0.3582 0.4567 0.7150
4 0.4204 0.4812 0.4687 0.7219 26 0.3065 0.3536 0.4561 0.7154
5 0.4157 0.4759 0.4681 0.7209 27 0.3019 0.3490 0.4553 0.7170
6 0.4111 0.4706 0.4674 0.7199 28 0.2974 0.3445 0.4545 0.7186
7 0.4068 0.4651 0.4671 0.7228 29 0.2911 0.3399 0.4539 0.7188
8 0.4026 0.4596 0.4667 0.7257 30 0.2848 0.3352 0.4533 0.7189
9 0.3971 0.4543 0.4660 0.7280 31 0.2785 0.3309 0.4528 0.7184
10 0.3917 0.4491 0.4654 0.7304 32 0.2722 0.3266 0.4524 0.7178
11 0.3870 0.4438 0.4650 0.7270 33 0.2681 0.3204 0.4521 0.7137
12 0.3823 0.4386 0.4646 0.7235 34 0.2641 0.3142 0.4517 0.7096
13 0.3769 0.4331 0.4638 0.7195 35 0.2581 0.3098 0.4512 0.7144
14 0.3716 0.4277 0.4631 0.7155 36 0.2522 0.3054 0.4506 0.7192
15 0.3659 0.4227 0.4627 0.7167 37 0.2480 0.3011 0.4502 0.7233
16 0.3601 0.4178 0.4624 0.7179 38 0.2437 0.2967 0.4498 0.7274
17 0.3549 0.4123 0.4618 0.7197 39 0.2377 0.2923 0.4493 0.7216
18 0.3497 0.4069 0.4611 0.7215 40 0.2316 0.2878 0.4487 0.7158
19 0.3451 0.3991 0.4605 0.7208 41 0.2273 0.2826 0.4481 0.7141
20 0.3406 0.3913 0.4599 0.7202 42 0.2229 0.2774 0.4475 0.7124
21 0.3369 0.3856 0.4593 0.7192 43 0.2180 0.2736 0.4470 0.7105
22 0.3332 0.3799 0.4587 0.7183 44 0.2130 0.2698 0.4466 0.7085
Table 2 Geometric parameters of SCF conﬁgurations on control section of slat center.
SCF No. x21 x22 x23 x24 SCF No. x21 x22 x23 x24
1 0.6041 0.5527 0.3878 0.6523 23 0.4157 0.3474 0.3571 0.6523
2 0.5984 0.5484 0.3868 0.6512 24 0.4036 0.3357 0.3558 0.6512
3 0.5928 0.5442 0.3859 0.6500 25 0.3932 0.3252 0.3543 0.6473
4 0.5871 0.5399 0.3849 0.6489 26 0.3827 0.3146 0.3527 0.6435
5 0.5785 0.5302 0.3832 0.6368 27 0.3743 0.3030 0.3524 0.6426
6 0.5698 0.5205 0.3816 0.6247 28 0.3659 0.2914 0.3521 0.6417
7 0.5592 0.5147 0.3805 0.6510 29 0.3566 0.2853 0.3514 0.6387
8 0.5486 0.5089 0.3795 0.6774 30 0.3474 0.2791 0.3506 0.6356
9 0.5382 0.5001 0.3783 0.6561 31 0.3381 0.1727 0.3489 0.6517
10 0.5278 0.4912 0.3771 0.6349 32 0.3288 0.0664 0.3472 0.6678
11 0.5163 0.4824 0.3755 0.6288 33 0.3189 0.1605 0.3459 0.6612
12 0.5048 0.4736 0.3738 0.6227 34 0.3091 0.2546 0.3446 0.6546
13 0.5001 0.4614 0.3721 0.6395 35 0.2994 0.2475 0.3428 0.6585
14 0.4954 0.4492 0.3704 0.6564 36 0.2898 0.2405 0.3411 0.6623
15 0.4901 0.4375 0.3691 0.6585 37 0.2801 0.2348 0.3397 0.6537
16 0.4848 0.4258 0.3677 0.6605 38 0.2704 0.2291 0.3382 0.6451
17 0.4750 0.4151 0.3659 0.6597 39 0.2606 0.2235 0.3365 0.6402
18 0.4651 0.4045 0.3641 0.6589 40 0.2509 0.2178 0.3349 0.6354
19 0.4558 0.3929 0.3625 0.6534 41 0.2411 0.2111 0.3333 0.6421
20 0.4465 0.3814 0.3609 0.6479 42 0.2313 0.2044 0.3317 0.6487
21 0.4371 0.3702 0.3596 0.6507 43 0.2215 0.1979 0.3300 0.6431
22 0.4277 0.3591 0.3583 0.6534 44 0.2118 0.1913 0.3282 0.6375
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x33, x34 in the input layer, 8 neurons in the hidden layer, and
1 neuron, namely CLdesign, in the output layer.
To train the BP network, SCF conﬁgurations from No. 1 to
No. 22 in the database are regarded as the training samples,
and SCF conﬁgurations from No. 23 to No. 44 in the database
are selected to verify the trained BP network. Table 6 shows
the comparison of CLdesign between the predicted results and
the computational results for SCF conﬁgurations from No.23 to No. 44 in the database; as can be seen, the maximum
error is only 0.209%, so the trained BP network has a great
capacity for predicting CLdesign.
In the database, CLdesign of conﬁguration No. 22 is maximal
among all the SCF conﬁgurations, so SCF conﬁguration No.
22 is selected as the reference conﬁguration. According to
the ascertained direction of optimization, a number of opti-
mized conﬁgurations are generated on the basis of the refer-
ence conﬁguration.
Table 3 Geometric parameters of SCF conﬁgurations on control section of slat root.
SCF No. x31 x32 x33 x34 SCF No. x31 x32 x33 x34
1 1.4787 0.7954 0.3814 0.1201 23 1.1401 0.1673 0.5340 0.0300
2 1.4716 0.7748 0.3875 0.1175 24 1.1147 0.1336 0.5391 0.0254
3 1.4645 0.7543 0.3936 0.1149 25 1.0551 0.1115 0.5421 0.0210
4 1.4574 0.7337 0.3997 0.1123 26 0.9954 0.0894 0.5451 0.0167
5 1.4505 0.7146 0.4057 0.1064 27 0.9668 0.0524 0.5523 0.0102
6 1.4436 0.6954 0.4117 0.1006 28 0.9381 0.0154 0.5594 0.0037
7 1.4281 0.6639 0.4200 0.0966 29 0.8916 0.0236 0.5658 0.0030
8 1.4125 0.6323 0.4282 0.0927 30 0.8451 0.0625 0.5721 0.0096
9 1.3987 0.6006 0.4345 0.0879 31 0.8098 0.0935 0.5824 0.0126
10 1.3849 0.5689 0.4407 0.0832 32 0.7746 0.1245 0.5927 0.0157
11 1.3723 0.5353 0.4497 0.0790 33 0.7325 0.1632 0.6015 0.0190
12 1.3598 0.5017 0.4587 0.0748 34 0.6904 0.2019 0.6104 0.0224
13 1.3472 0.4742 0.4673 0.0718 35 0.6546 0.2457 0.6187 0.0261
14 1.3346 0.4467 0.4759 0.0687 36 0.6189 0.2894 0.6271 0.0299
15 1.3120 0.4137 0.4840 0.0632 37 0.5762 0.3176 0.6357 0.0332
16 1.2894 0.3807 0.4921 0.0576 38 0.5336 0.3457 0.6443 0.0365
17 1.2785 0.3510 0.4999 0.0531 39 0.4945 0.3789 0.6535 0.0406
18 1.2677 0.3212 0.5078 0.0487 40 0.4554 0.4121 0.6627 0.0446
19 1.2582 0.2880 0.5141 0.0446 41 0.4157 0.4477 0.6716 0.0487
20 1.2487 0.2548 0.5204 0.0404 42 0.3761 0.4834 0.6804 0.0527
21 1.2071 0.2278 0.5246 0.0375 43 0.3356 0.5173 0.6885 0.0567
22 1.1655 0.2009 0.5289 0.0346 44 0.2951 0.5512 0.6967 0.0606
Table 4 Aerodynamic parameters of SCF conﬁgurations in database.
SCF No. CLdesign SCF No. CLdesign SCF No. CLdesign SCF No. CLdesign
1 2.543 12 2.741 23 2.927 34 2.866
2 2.556 13 2.760 24 2.917 35 2.862
3 2.570 14 2.780 25 2.913 36 2.858
4 2.583 15 2.799 26 2.908 37 2.858
5 2.602 16 2.818 27 2.904 38 2.856
6 2.622 17 2.836 28 2.899 39 2.854
7 2.641 18 2.853 29 2.893 40 2.850
8 2.661 19 2.872 30 2.887 41 2.852
9 2.681 20 2.891 31 2.882 42 2.854
10 2.701 21 2.914 32 2.877 43 2.847
11 2.721 22 2.936 33 2.872 44 2.841
Table 5 Related coefﬁcients between CLdesign
and xij.
Related coeﬃcient Correlation (%)
x11-CLdesign 75.10
x12-CLdesign 78.14
x13-CLdesign 76.34
x14-CLdesign 55.81
x21-CLdesign 74.67
x22-CLdesign 77.08
x23-CLdesign 77.60
x24-CLdesign 9.98
x31-CLdesign 60.36
x32-CLdesign 73.70
x33-CLdesign 75.15
x34-CLdesign 76.52
1220 J. Tao, G. SunFor the convenience of distinguishing all the optimized
conﬁgurations, function g(x) is deﬁned as follows:
gðxijÞ ¼
X4
j¼1
wijjxij  xrijj
X3
i¼1
ð9Þ
where weight wij (i= 1, 2, 3; j= 1, 2, 3, 4) is given by experi-
ence considering constraints Eq. (8) and geometrical error,
xij (i= 1, 2, 3; j= 1, 2, 3, 4) is the design variable of the opti-
mized conﬁguration, while xrij (i= 1, 2, 3; j= 1, 2, 3, 4) is the
design variable of the reference conﬁguration.
Fig. 13 shows the predicted CLdesign of the optimized conﬁg-
urations by BP network. Among all the optimized conﬁgura-
tions, the maximal CLdesign is 3.006, which is almost the same
as that of the baseline conﬁguration, namely 3.01. Hence, the
optimized conﬁguration with the maximal CLdesign is selected
as the ﬁnal optimized conﬁguration for validating computation.
Table 6 Comparison between predicted and computational
results for SCF from No. 23 to No. 44 in the database.
SCF No. Result Error (%)
Computation Neural network
23 2.927 2.922 0.171
24 2.917 2.921 0.137
25 2.913 2.917 0.137
26 2.908 2.909 0.034
27 2.904 2.904 0
28 2.899 2.900 0.035
29 2.893 2.892 0.035
30 2.887 2.886 0.035
31 2.882 2.883 0.035
32 2.877 2.876 0.035
33 2.872 2.866 0.209
34 2.866 2.865 0.035
35 2.862 2.862 0.
36 2.858 2.860 0.070
37 2.858 2.859 0.035
38 2.856 2.855 0.035
39 2.854 2.855 0.035
40 2.850 2.850 0
41 2.852 2.851 0.035
42 2.854 2.853 0.035
43 2.847 2.848 0.035
44 2.841 2.841 0
Fig. 13 Predicted CLdesign of optimized conﬁgurations by BP
network.
Fig. 14 Lift coefﬁcient curves of both baseline and optimized
conﬁgurations.
Fig. 15 Drag coefﬁcient curves of both baseline and optimized
conﬁgurations.
Fig. 16 Porous integral surface of Trap Wing for solving
FWHpds equation.
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Unsteady DES simulations are performed to evaluate aerody-
namic performance of the optimized conﬁguration. Cell num-
ber of the entire computational domain is about 39 million,
and the computational condition is set as: Ma= 0.2,
Re = 4.2  106.
Fig. 14 shows the lift results, including experimental lift
curve of the baseline conﬁguration, computational mean-lift
curve of the baseline conﬁguration and computational mean-
lift curve of the optimized conﬁguration. As shown in
Fig. 14, the computational curve of the optimized conﬁgurationagrees fairly well with that of the baseline conﬁguration. In
view of computational results, stall angles of the baseline and
optimized conﬁgurations are both 33, and maximum mean-
lift coefﬁcient of the optimized conﬁguration is 3.01, which is
just the same as that of the baseline conﬁguration.
Fig. 17 Three-section locations in span direction.
1222 J. Tao, G. SunFig. 15 shows the drag results, including experimental drag
curve of the baseline conﬁguration, computational mean-drag
curve of the baseline conﬁguration and computational
mean-drag curve of the optimized conﬁguration. In view of
computational results, in the AOA range from 0 to 31, dragFig. 18 Vorticity magnitude distribution comparison ocoefﬁcients of the optimized conﬁguration are basically consis-
tent with those of the baseline conﬁguration, and in the AOA
range from 31 to 35, drag coefﬁcients of the optimized conﬁg-
uration are slightly less than those of the baseline conﬁguration.
Therefore, as can be seen from the lift and drag results,
aerodynamic performance of the optimized conﬁguration is
basically the same as that of the baseline conﬁguration. In
other words, aerodynamic performance is retained.
Based on the hybrid method combining unsteady DES
method with acoustic analogy theory, simulations for both
the baseline and optimized conﬁgurations are performed to ver-
ify the noise reduction effect. The computational condition is
set as Ma= 0.2, a= 13, Re= 4.2  106, Dt = 2.5  105 s.
Fig. 16 shows the porous integral surface which is employed
for solving FWHpds equation. The porous integral surface with
the body, the three-element HLD and the wake region inside is
employed to calculate the quadrupole noise.
Three sections are selected to observe variations of the ﬂow
with the SCF. As shown in Fig. 17, the three sections are
located at 27.74%, 55.48% and 83.22% of the span direction,f baseline conﬁguration and optimized conﬁguration.
Fig. 19 OASPL directivity comparison between baseline conﬁg-
uration and optimized conﬁguration.
Fig. 20 1/3 octave spectrum comparison of SPL.
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comparisons between the baseline conﬁguration and the opti-
mized conﬁguration at t= 0.2 s. As for each section of the
baseline conﬁguration, there is an obvious shear layer at the
slat cusp which leads to a large vorticity magnitude area exist-
ing in the slat cove region. By contrast, as for each section of
the optimized conﬁguration, the shear layer is suppressed so
signiﬁcantly that the high vorticity magnitude area is com-
pressed greatly, as a result, not only vorticity magnitude in
the ﬁlled area disappears, but also vorticity magnitude in the
rest of the slat cove region is decreased. The shear-layer causes
very strong unsteady ﬂuctuations on the leading edge of the
wing body and leads to the most intense acoustic source
region, and the decrease of the vorticity magnitude in the slat
cove region is caused by the reduction of shear-layer impinge-
ment. The disappearance of this important acoustic region in
the SCF conﬁguration will deﬁnitely reduce the airframe noise.
Hence, the effect of noise reduction is achieved.
To acquire acoustic directivity comparison between the
baseline conﬁguration and the optimized conﬁguration, 72
observation points are distributed evenly on a circle, of which
the center is the body central point and the radius is 10 m.
Fig. 19 shows the overall sound pressure level (OASPL) com-
parisons on the circle between the baseline conﬁguration and
the optimized conﬁguration. OASPL directivities of both the
baseline and optimized conﬁguration present an approximate
quadrupole distribution, but because of the SCF, the direc-
tions of the directivities are different from each other. In each
direction, OASPL of the optimized conﬁguration is lower than
that of the baseline conﬁguration. Among all the 72 directions,
noise reduction amount is the most signiﬁcant in the direction
of 205, which reaches to 18 dB.
For the purpose of investigating the noise reduction effect
in the spectrum range, three observation points below the Trap
Wing are selected, which are located in the direction of 225,
270 and 315 on the circle. Fig. 20 shows the 1/3 octave spec-
trum SPL comparison between the baseline conﬁguration and
the optimized conﬁguration at the three selected observation
points.
Form Fig. 20, in the frequency range from 20 Hz to
20000 Hz, SPLs of the optimized conﬁguration are almost all
lower than those of the baseline conﬁguration, especially inthe low frequency rang. The maximum SPLs of the baseline
conﬁguration in the computational range are 81.0 dB,
80.3 dB and 81.3 dB, respectively, for the three observer loca-
tions, while that of the optimized conﬁguration are 70.9 dB,
72.4 dB and 72.3 dB, respectively. From the perspective of
the greatest noise reduction amount at the single frequency,
they are 14.4 dB, 12.6 dB and 11.5 dB, respectively, for the
three observer locations.
1224 J. Tao, G. SunFor the three selected observation points, the noise reduc-
tion effects are signiﬁcant in the computational frequency
range and the maximum SPLs in the computational frequency
range are all decreased obviously.
Therefore, as can be seen from the directivity results and
spectrum results, the effect of noise reduction is achieved while
the aerodynamic performance is retained with the designed
SCF.
7. Conclusions
For the purpose of retaining aerodynamic performance of SCF
conﬁguration for the 3D HLD on a swept wing, a design
approach based on artiﬁcial neural network is introduced.
First, a database of SCF conﬁgurations is established and then
the database is analyzed through conﬁdence coefﬁcient reason-
ing method to ascertain the direction of optimization. Next, on
the basis of the reference conﬁguration selected in the data-
base, a number of optimized conﬁgurations are generated
according to the direction, then a BP artiﬁcial neural network
is established and trained by taking SCF conﬁgurations in the
database as the training samples. Finally, aerodynamic perfor-
mance of all the optimized conﬁgurations is predicted quickly
by the trained BP network, and the optimized conﬁguration
with the best aerodynamic performance is selected as the ﬁnal
optimized conﬁguration for validating computations. To verify
the artiﬁcial neural network approach, a process of designing
SCF for HLD on the Trap Wing is presented.
As for the validating computations, unsteady DES simula-
tions are performed to investigate aerodynamic performance
of both the baseline and optimized conﬁgurations. And the
noise reduction effect is veriﬁed by a hybrid method combining
unsteady DES method with acoustic analogy theory. The sim-
ulative results indicate that the aerodynamic performance is
retained by the optimized conﬁguration with a signiﬁcant air-
frame noise reduction effect.
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